This study aims to explore gene expression profiles that are associated with locoregional (LR) recurrence in breast cancer after mastectomy.
INTRODUCTION
Breast cancer is a heterogeneous disease resulting from the acquisition of probably multiple somatic mutations which, in combination, define the characteristics of the tumor. 1, 2 Patients even within the same clinical stage carry a different risk of locoregional (LR) recurrence and distant metastasis. In clinical practice, the strategy to reduce LR recurrence is to use postoperative radiotherapy, whereas the strategy to diminish distant metastasis is to use systemic adjuvant chemotherapy.
It is generally accepted that patients with involvement of four or more axillary lymph nodes should be treated with postmastectomy radiotherapy (PMRT). 3 Whether patients with fewer than four positive nodes should be treated with PMRT remains controversial, 4 although three large, randomized control trials have proven the benefit of PMRT in node-positive patients. [5] [6] [7] The LR recurrence rate at 10 years in node-negative patients is less than 5%, and for one to three nodes approximately 13%. 8 Therefore, at least 87% of the patients would potentially be free from LR recurrence after mastectomy and would not require PMRT, whereas those at risk would potentially benefit from it.
Because uncertainties continue to prevail about the effectiveness of PMRT in patients with one to three positive nodes, 4 recent progress in genomic analysis as a potential tool for evaluating tumor biology opens a new possibility to improve risk stratification that would eventually lead to more personalized prognostication for this subset of patients. 9 We and others have reported that gene expression signatures in breast cancer are associated with tumor phenotype, axillary lymph node invasion, and distant metastasis. [10] [11] [12] However, the association between gene expression profiles and LR recurrence has thus far not been defined in patients after mastectomy. The identification of individuals at risk for LR failure is crucially important because accurate prediction of failure patterns will immediately influence adjuvant treatment decisions. Given the complexity of breast cancer, it would be surprising if single genes or small combinations of genes could describe and ultimately predict the clinical course of the disease. Our previous work developed the concept of "metagene," a subgroup of genes that are clustered together because of their similarity in gene function or their sharing the same pathway. This concept also has been demonstrated by others.
13 Also, the 70-gene expression signature related to distant metastasis in breast cancer reported in the literature actually included unrelated sets of genes of equal contributions to the prediction of survival.
14 That observation signifies further the importance of the metagene concept. We also use classification and regression tree analysis as a mechanism to sample from these metagenes to build predictive models that can best predict the clinical outcome. The logic in the approach is conceptually simple, recognizing the limitation of any one profile to go beyond a broad categorization into low risk versus high risk, and thus making use of multiple profiles to further dissect subgroups based on prediction of risk. In this study, we aim to identify clusters of genomic signatures meaningful for LR recurrence and to identify individuals at low recurrence risk for whom PMRT can be avoided.
PATIENTS AND METHODS

Patients
One hundred fifty-eight patients with invasive breast cancer were collected in a series of collaborative studies between Duke University Medical Center (DUMC; Durham, NC) and Koo Foundation Sun Yat-Sen Cancer Center (KF-SYSCC; Taipei, Taiwan) for identification of gene expression profiles that were associated with axillary lymph node involvement and tumor recurrence. 12, 15 The present study focused on identifying gene expression profiles that relate to LR control after mastectomy. Ninety-four of them were enrolled in this study. Eligible patients should have either any LR recurrence (n ϭ 27), or no evidence of LR recurrence without PMRT after a minimum of 3 years of follow-up (n ϭ 67). Exclusion criteria were those who had breastconserving surgery (n ϭ 17), PMRT (n ϭ 36), and follow-up less than 3 years (n ϭ 11). The LR recurrent tumor sites included 14 on the chest wall, one in axilla, one in the internal mammary chain, six in supraclavicular fossa, and five in multiple sites.
Samples and Microarray Analysis
The 94 frozen tissue samples came from the surgical specimens of the primary tumor taken from patients before treatment. These tissue samples matched the prospectively collected database from the patients enrolled in this study in the period between 1990 and 2001. The institutional review boards of Duke University and KF-SYSCC approved this study. Total RNA was extracted from tumor tissues with Qiagen RNEasy kits (Venlo, the Netherlands), and assessed for quality with an Agilent (Palo Alto, CA) Lab-on-a-Chip 2100 Bioanalyzer. Hybridization targets (probes for hybridization) were prepared from total RNA according to standard Affymetrix (Santa Clara, CA) protocols.
Statistical Analysis to Identify Gene Expression Profiles of LR Recurrence
The strategy and process to identify gene clusters that associated with LR recurrence after mastectomy are shown in Figure 1 . The ninety-four patients were then stratified by clinical risk factors (tumor size and axillary lymph node metastasis) and randomly split 2:1 into a training data set (n ϭ 62) and a validation set (n ϭ 32). Clinical characteristics of patients in the training and validation data sets were not significantly different (Table 1) .
Our previous study identified 496 metagene clusters 12 ; each metagene represented the key common pattern of expression of the genes in a cluster based on k-means clustering. These represented subsets of potentially related genes, which rendered the accuracy of recurrence prediction more robust. We then used the logistic regression method to examine the significance of each metagene individually in differentiating patients with and without LR recurrence in the training data set.
We then used classification trees and Bayesian statistical methods as previously described 12 to explore multiple metagenes for optimal prediction. The analysis entailed the successive partitioning of patient samples-and by inference the populations they represented-into more and more homogeneous subgroups, and the association and estimation of survival distributions within each subgroup. The metagenes as genetic predictors were in many aspects similar to the 70-gene predictor that classified breast cancer into "good" and "poor" signature, with metagenes separating homogenous outcome groups into subsets, and then into further subsets of subsets, always refining the risk on the way. 16 The statistical test used was a Bayes factor test that is generally conservative relative to standard significance tests and so tends to generate less elaborate trees than traditional tree programs. 17, 18 The Bayes factor in this study was 2.9, which corresponded approximately to probability of 0.95. The growth of classification trees was terminated when no additional metagene could be selected that allowed a significant further split. Multiple possible splits generated collections of trees, and each was then formally evaluated based on statistical fit to the data. Multiple trees were generated automatically by MATLAB software (The MathWorks Inc, Natick, MA). Each classification tree generated predictions for future patients: A new patient was assigned to a unique subset of any one classification tree based on her genomic profiles and other factors, with the corresponding prediction of recurrence based on the model-based probability at that subset. Finally, overall predictions were based on averaging across the collection of candidate tree models. This aggregation relied on a weight for each classification tree that was a posterior probability based on the fit of the tree to the data compared with all other trees. The averaging was critical in delivering more robust and reliable predictions, and properly accounting for modeling uncertainty, compared with approaches that would just select one tree model.
The 62 training samples as mentioned herein were used in this stage for classification tree generation and model build-up. Leave-one-out cross validation was performed to assess robustness of the model building process. After significant metagenes were identified by the aforementioned methods, we then examined these metagenes by unsupervised two-dimensional cluster analysis of the 62 samples, and calculated the correlation coefficient of the expression of each gene with LR recurrence. We selected significant genes (Pearson correlation coefficient Ͻ Ϫ0.3 or Ͼ 0.3) and clustered them again for final classification tree generation and model build-up.
Subsequently, we used the validation data set (n ϭ 32) to examine the prediction tree models independently. On the basis of the models, each individual in the validation set would have her own probability of recurrence-free status (predictive index) and corresponding prediction uncertainty.
RESULTS
Training Prediction Tree Model Using Multiple Metagene Signatures
We measured the association of metagenes in 62 patients in a forward-split process as implemented in traditional classification-tree approaches; several classification trees were then generated. The final tree models used seven metagenes with a total of 258 genes and eight classification trees to build the LR control predictions. The overall predictions were based on averaging prediction probability across the collection of candidate trees. To provide an initial indication of robustness and accuracy, we evaluated the predictive probability of LR control for individual patients of the training data set using leave-oneout cross validation; the tree model process was recomputed repeatedly, each time leaving out one sample and then predicting it based on the rest. Patients with good LR control generally had high predictive index, and patients with LR recurrence had low predictive index.
Clinical decisions are intended to be philosophically more conservative and tend toward overtreating patients. On that basis, we chose the optimal cutoff value in a probability of 0.8 on the receiver operating characteristic curve. The overall accuracy of these predictions is 87%, with estimated sensitivity of 100% and specificity 69%. The 3-year LR control probability in patients with predictive index more than 0.8 and 0.8 or lower is 100% and 42% (P Ͻ .0001), respectively ( Table 2) .
Unsupervised two-dimensional cluster analysis of the 258 genes in 62 training samples is shown in Figure 2 . This hierarchical clustering algorithm clustered 62 tumors on the basis of their similarities measured over the 258 significant genes. Similarly, the 258 genes were clustered on the basis of their similarities measured over the 62 tumors. Two distinct groups of tumors were the dominant features in this two-dimensional display, suggesting that patients with or without LR recurrence could be partitioned on the basis of 258-gene signatures.
Subsequently, 34 genes were identified from 258 genes using Pearson correlation coefficient (Ͻ Ϫ0.3 or Ͼ 0.3). We clustered these 34 genes into six clusters. These gene clusters were then used for classification-tree generation and model build-up again. The 3-year LR control probability in patients with predictive index derived from the 34-gene prediction tree models more than 0.8 and 0.8 or lower is 100% and 32% (P Ͻ .0001), respectively ( Table 2) .
Validating the Prediction Tree Models
To properly assess out-of-sample predictive accuracy based on data in our cohort, we validated the 258-and 34-gene prediction tree models in the remaining 32 independent samples. Figure 3 demonstrates LR control probability in both models. Using 258-gene model, the LR control probability at 3 years for patients with predictive index more than 0.8 was 95% (95% CI, 85% to 100%) and predictive index 0.8 or lower was 46% (95% CI, 19% to 73%; P ϭ .006). Similarly, using 
Abbreviations: LR, locoregional; LRR, LR recurrence. 34-gene model, the difference of 3-year LR control probability in patients with predictive index more than 0.8 and 0.8 or lower was statistically significant at 91% (95% CI, 79% to 100%) and 40% (95% CI, 10% to 70%; P ϭ .008).
The overall accuracy of prediction in the validation data set by the 258-gene model was 75% (95% CI, 58% to 87%) with sensitivity of 78% (95% CI, 45% to 94%) and specificity 74% (95% CI, 54% to 87%). The overall accuracy of prediction in the validation data set by the 34-gene model was 78% (95% CI, 61% to 89%) with sensitivity of 67% (95% CI, 35% to 88%) and specificity 83% (95% CI, 63% to 93%). Three patients with LR recurrence were not predicted correctly; their clinical characteristics were in Table 3 .
Partitioning 94 Patients by Predictive Index
According to the prediction models derived from 34 genes, the 3-year LR control rates between patients with the predictive index more than 0.8 and 0.8 or lower were statistically different, regardless of whether they were node negative or node positive (all P Ͻ .05; Table  4 ). The predictive index could partition patients with 3 or fewer positive nodes for planning PMRT. For patients with predictive index 0.8 or lower, the risk of LR recurrences is high. Approximately two thirds (14 of 22) did recur.
Cox Proportional Hazards Model in All 94 Patients
Subsequently, we examined whether the predictive index derived from the 34-gene model is an independent prognostic factor. Traditional proportional hazards analysis has established and quantified the prognostic relevance of clinical factors including the extent of lymph node metastasis and estrogen receptor status with respect to LR control. We analyzed the full 94 patient samples via proportional hazards modeling, including these clinical factors together with the 34-gene-based predictive index. This analysis confirms the significance of the genomic predictor as associated with LR control in the context of these traditional clinical variables. With the incorporation of the prediction tree models in the proportional hazards analysis, the hazard ratio for LR recurrence is 22 (95% CI, 6.0 to 81) in patients with predictive index 0.8 or lower (Table 5) . Table 6 gave details of 34 most significant genes; seven of 34 genes were of unknown function. Several pathways or biochemical activities were identified from the remaining 27 genes that were well represented, such as cell death, cell cycle and proliferation, DNA replication and repair, and immune response. These genes involved oncogenic process (BLM, TCF3, RCHY1, PTI1), 19 ,20 proliferation (TPX2), cell cycle regulation (CCNB1, GPS2, FYN) , [21] [22] [23] cell-cell interaction (CMAH), 24 cell morphology (CLCA2), and immune response (CCR1).
Key Genes Related to LR Control
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DISCUSSION
The present study demonstrates the capacity of utilizing clusters of gene expression profiles to refine patient risk stratification and to define subgroups of greater homogeneity according to lymph node status (Tables 2 and 4) that will aid in identifying patients most likely to benefit from PMRT. The gene expression-based classification tree models accurately predict and distinguish patients according to risk; moreover, the models provide individualized risk estimates. For nodenegative patients and those patients with one to three positive nodes with predictive index more than 0.8, the LR control rate is 97% (56 of 58); and the predictive index less than 0.8, the LR control rate drops to only 36% (8 of 22; Table 4 ).
Three patients with LR recurrence were predicted incorrectly ( Table 3 ). The first woman was 69 years old; she did not seek medical attention for at least 6 months and had primary tumor size of 3.5 cm and 24 axillary-lymph-node metastases. She refused adjuvant treatments and developed LR recurrence 7 months after surgery. We do not know whether her genomics are intrinsically of low risk or whether the delayed diagnosis and treatments are the main reasons for recurrence. In clinical practice, she would have undergone PMRT no matter the result of genomic prediction. The third patient developed LR recurrence more than 8 years after mastectomy, her genomic prediction was of low risk. The second patient is a more clear-cut prediction failure by our 34-gene model; she was only 35 years old.
Gene expression profiles that predict distant metastases in breast cancer have been reported previously. 11, 16, 26 The current study focuses on gene expression profiles that predict the risk of LR recurrence. The prediction of both types of recurrence is crucial in clinical practice because different treatment strategies are required. Our work here identifies seven metagene clusters that include 258 genes associated with tumor-specific immune response, proliferation, apoptosis, cell communication, and so on. These observations are concordant with findings related to LR recurrence in head and neck cancer.
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Using correlation coefficient analysis, we have further identified 34 most significant genes that are associated with LR recurrence, the accuracy of prediction for LR recurrence is similar to that predicted by Kaplan-Meier survival estimates for locoregional control in validation data set by (A) 258-gene and (B) 34-gene prediction tree models. Blue survival curves are patients with the predictive index more than 0.8; green curves are patients with the predictive index 0.8 or lower. The differences between these two subgroups from both prediction models are statistically significant.
258 genes. This phenomenon has been observed by others using 70-gene predictor for distant metastasis.
14 The aim of this study is to explore whether gene expression profiles could aid in improving stratification of clinical low-risk patients into more homogeneous subgroups, especially in patients with one to three positive nodes. Optimal sensitivity and specificity of the prediction model is desirable in order to avoid subjecting truly highrisk patients to suboptimal treatment and truly low-risk patients to overtreatment. Achieving such goal appears to be possible. The current prediction models derived from 34 genes classify more patients into high-risk group if they have more axillary lymph-node involvements (Table 4) .
In clinical practice, decisions about assigning breast cancer patients with one to three involved axillary nodes to PMRT remain controversial. Recently a phase III study with a follow-up of 20 years has demonstrated that PMRT could reduce not only LR recurrence, but also distant metastasis. Patients with the unfortunate event of LR recurrence usually were associated with secondary microscopic distant metastases. 28 Salvage treatments were not possible to cure these patients. Therefore, identifying high-risk patients for prevention of LR recurrence after mastectomy becomes essential. The present study suggests that node-negative patients and those with one to three positive nodes can be sorted into more homogeneous subgroups by the novel gene expression-based prediction models (Table 4) . Nodenegative patients with a predictive index more than 0.8 and 0.8 or lower have a 3-year LR control rate of 96% and 33%, respectively (P ϭ .027). Similarly, patients with one to three positive nodes and a predictive index more than 0.8 and 0.8 or lower have a 3-year LR control rate of 100% and 47%, respectively (P Ͻ .0001).
Although the overall accuracy, sensitivity and specificity are encouraging, further validation is clearly needed. Nevertheless, the consistency of performance of the predictive model in both test set and cross-validation training set is very positive. This suggests that the prediction model does have the potential to assist clinicians to make decisions for patients who have a substantial risk of LR recurrence. This model should be further refined by enrolling larger numbers of patients and by having it tested for the impact of PMRT on recurrence and survival.
In summary, the predictive index derived from the gene expression-based prediction tree model is an independent factor that is significantly associated with LR recurrence in breast cancer after mastectomy. Gene expression profiles are capable of improving the partitioning of node-positive patients into more homogeneous subgroups. A larger validation study in these patients is warranted to confirm the broader value of this genomic predictor and its value in improving health care via more individualized prediction of treatment outcomes. Abbreviation: MAPK, mitogen-activated protein kinase.
